This study aims to develop a financial stability index for the Pakistani financial sector by using the financial reports for the period of 2001-2011. Specifically, we constructed three different classes of indices in this study based on a variance-equal weighted approach, a linear probability approach, and a logistic approach. We also assessed the prediction accuracy of the financial stability index. All indices indicated that profitability, liquid liability to the liquid asset, non-performing loan, uncovered liabilities, interest spread and inter-fund to liquid liabilities variables contribute significantly to the determination of financial stress of commercial banks. We also compared the results of indices computed with different methodologies-among them was the index constructed by employing coefficients of the logistic model and which performed outstandingly in predicting distressed and non-distressed banks. Moreover, the findings of this study suggest that in regard to return on assets and return on equity, when employed in a stepwise manner for developing the financial stability index, the results are similar in the sense that both profitability indicators have the same behavior. Finally, we conclude that the financial stability indices developed in this study could help decision makers to detect and avoid instability in the future.
Introduction
A functional financial system has three underlying functions that play decisive roles in fostering economic growth: (i) Mediating payment, (ii) converting savings or reserves into funding, and (iii) risk management. By implication, an effective financial system is a sine qua non for promoting sustainable economic growth as well as the stability of financial systems.
Banking is an engine of the complex economic system of the world. The role of the banking sector is central to the mobilization and allocation of scarce resources. Further, banking monetizes an economy, promotes employment, boosts economic development and eliminates poverty.
Pakistan emerged as a sovereign state on the world map in 1947. Since then, the banking sector in Pakistan has evolved and expanded. In 1948, the State Bank of Pakistan (SBP) was established and started its operations in the same year. In 1974, under the nationalization program, all the private banks were brought into public control. This was partly due to the fact that merit was not followed by the banks while forwarding loans, and only political clout was the required criterion. Consequently, these loans were never paid back to the financial institutions. By the year 1991, the Government of Pakistan altered the nationalization policy and privatized the majority of the banks in the country.
Review of Literature
The recent recurring episodes of the financial crisis all over the world have increased the importance of financial stability. The impact of financial instability remains an area under discussion for both academic and policy circles in the past few decades. The literature on financial stability is expanded in various dimensions by academic researchers, but there is still a dire need to develop a financial stability index that can detect potential distress and allow financial institute management to adopt preemptive measures. One branch of the studies emphasized financial crisis episodes and its adverse effects on the economy (Karanovic and Karanovic 2015) .
In the past few decades, financial instability has occurred a wide group of emerging market economies (EMEs). The financial crises of Latin America and Asia of 1994-1995 and 1997-1998, respectively , had devastating repercussions on their financial systems. Many financial intermediaries, as a result, have developed financial stability indices with the purpose of strengthening their financial systems.
The International Monetary fund (IMF) made significant efforts to develop a financial stability system for emerging market economies (EMEs). Consequently, various influential studies were published such as those Berg and Pattillo (1999) and Kaminsky et al. (1998) . Many central, private and academic institutions developed models for the stability of financial systems, e.g., Diaconu and Oanea (2014) and Karanovic and Karanovic (2015) . Hanschel and Monnin (2005) explained in their study that financial instability indicators showed a continual state in which the condition of financial institution can be explained at a point of time. In their study, four different types of variables were deployed to construct a financial stability index for Switzerland. They calculated their index on a yearly basis for the period of 1987-2002, but the index was not derived from the structural model. Gersl and Hermanek (2007) conducted a study to develop a financial stability index. Their index relied on the balance sheet and supervisory data. Listed shares were not of a large number, and so financial market data were not included. The financial stability index used nine determinants of risk to capture profitability, credit risk, liquidity risk, interest rate risk, and exchange rate risk. Subsequently, normalization and aggregation techniques were adopted to compute the banking stability aggregate index for the Czech financial sector.
Some studies extended the analysis of the impact of financial instability in different economies (Rajan and Zingales 2003) . Another strand of analysis emphasized determinants derived from the Economies 2019, 7, 81 4 of 24 balance sheets; erosion in banks' capital forces banks to decrease lending and sometimes completely deleverage themselves (Morales and Estrada 2010) . Sin , enko et al. (2013) constructed a Latvian financial stress index by giving preference to balance sheet data. The primary reasons for choosing the indicators was to reflect distress and fragility in the financial system. The major determinants selected were profitability, deposit outflows, loan loss provisions ratio, decline in lending, deterioration of interbank lending, widening of spreads on the interbank market, and growing yields on debt securities of government. They applied principal component analysis (PCA) to the standardized data. Further, like Rouabah (2007) , the arithmetic average of the six pre-standardized data was applied to construct results, but the findings were worse when compared to component analysis. Albulescu (2009) evaluated different techniques to build a financial stability index for the Romanian financial sector. The study used attributes such as vulnerability, robustness, and the health of the financial system to derive variables. The values of the variables were statistically normalized by expressing all the values in terms of standard deviation. The other aim of the study was to forecast financial stability by using a stochastic simulation. The constructed index values showed a deteriorated situation of financial stability during the period 2009, resulting from a decline in economic growth. Creel et al. (2015) discussed the relationship between financial instability and economic performance. Microeconomic indicators, an institutional index, and a statistical index were used to measure financial instability and disposable income, investment and consumption for economic performance. The authors found an inverse relationship between financial instability and economic performance. Furthermore, Abdullah et al. (2017) studied the financial stability in the context of monitoring financial stress in the post-global financial crisis. Thus, a fairly strong correlation was found between real economic activities and financial stress. Tng and Kwek (2015) explored that the relationship between financial stress and economic activities through access to financing and found that high financial stress leads to ambiguity and discomfort in economic outlook and financial markets. Nasreen and Anwar (2018) studied the relationship between financial stability and economic development in South Asian countries by using a human development indicator index (HDI) and an aggregate financial stability index (AFSI). The results indicated that economic development Granger causes financial stability in South Asian countries. Dumičić (2016) used a two-composite-indicators index reflecting the consequences of systemic risk materialization and a systemic risk accumulation index by applying principal component analysis. It was concluded that systematic risk helps to monitor and understand the degree of financial stability, which is communicated to the market and public through macroprudential policy.
Indicators for Financial Stability Index
In this study, several indicators including profitability, liquid liability to the liquid asset, non-performing loan portfolio, uncovered liabilities, and interbank funds/liquid assets from the financial sector were used to develop an aggregate financial stability index for the banking sector of Pakistan.
Profitability
The return on asset (ROA) ratio reflects the profitability and high performance of the financial institution. A low level of return asset depicts the weak performance of the financial institution. The ROA of the banking sector was used in the index. It seems plausible that a non-profitable banking sector is a sign of trouble and that it should be associated with high stress. Kosmidou (2008) explained that the banking sector could have a high return on the asset when there is less operating cost involved in running the operation of the banks. It is definite that, if the banking sector is not earning a profit, it is showing warning signs that the whole system may collapse shortly.
Economies 2019, 7, 81 5 of 24 Lall et al. (2009) developed a stress index to predict financial instability. They constructed their index by using the equal variance weighted average. In their study, they employed seven different factors including the profitability of the financial institutions. They standardized each factor by calculating the arithmetic mean and then dividing it with standard deviation to put up a financial stress index for the banking sector. Moreover, Fiordelisi and Mare (2013) proved that profit maximization plays a significant role in the firm's probability of survival.
Liquid Liability to Liquid Asset
A lack of confidence on the part of depositors in the banking system reflects a sudden drop in deposits of the bank. It is a typical banking crisis known as a "bank run." This criterion is used to identify the banking crisis (Vila 2000) and total interbank deposits was incorporated in our index for the detection of this phenomenon. As per our understanding, bank runs should be well reflected in this variable, since interbank deposits are relatively liquid and very partially insured. Furthermore, it supposes that the banks to be more informed on the state of affairs of their rivals than the public.
Fadare (2011) examined determinants of liquidity by employing the linear least square model for the period of 1980-2009. This study made some significant findings that liquidity ratio can predict the financial strength of a banking sector during a period of economic crisis. Moore (2009) concluded that it was imperative for a bank to keep liquid assets to provide cash to the customer on their demand. In case the bank is unable to have liquid resources, then borrowing from the central or interbank will be the only choice for which bank has to pay some costs. More importantly, the lack of liquid assets exposes the bank to risk.
Non-Performing Loan Portfolio
Walter (1991) found that the provision of loan loss is a significant factor that affects the performance of the bank. This study further concluded that creating a provision for the loan loss reverse is one of the most critical factors that affect the profitability of banks. Loan loss provision provides a real picture to the stakeholders about the profits/losses to the banks. If a loan loss provision cannot be created, then profits will be overstated. A loan loss ratio must be maintained by keeping all micro and macro factors in mind, rather than depending on past trends.
Another sign of crisis is found in the banks' evaluation of their situation of banks provisions. If a banks' situation is deteriorating, it should accumulate provisions. After taking this information into account, the banking sector's provision rate integrated into our stress index. Regrettably, provisions are not an unbiased signal of crisis because, in stress periods, the banks' capacity and incentive to raise provisions might be reduced.
Information about non-performing loans is also a variable which frequently appears in studies on financial instability (Manolescu and Manolescu 2017) . Karanovic and Karanovic (2015) considered the ratio of non-performing loans as an indicator of financial instability. Morales and Estrada (2010) preferred the loan loss rate. However, the data on non-performing loans for the Swiss banking sector were only available from the year 1999.
Uncovered Liabilities
An uncovered liability ratio (ULR) is used to measure the difference between liabilities that are redeemable and liquid assets. The difference is calculated as a percentage of illiquid assets, so the negative ratio shows a smaller liquidity risk faced by the financial institutions. This ratio is a good proxy of liquidity. The liquidity shortage at an institutional level suggests low liquidity risk for banks (Cihak and Hermanek 2005; Morales and Estrada 2010) .
Ratio of Interest Spread
Albulescu (2009) developed an aggregate stability index for the banking sector of Romania by considering the financial system and the international economic system related to determinants. The Economies 2019, 7, 81 6 of 24 findings of the study suggested an improvement in the banking sector from 1999 to 2007. A Monte Carlo approach was adoptedto forecast the financial stability level and the study concluded that there was a decline in financial activity. The interest spread ratio, calculated as the difference between the average lending rate and the average borrowing rate, shows that an increase in interest spread demonstrates the profitability of a financial institution.
Interbank Funds/Liquid Assets
The variable interbank is the ratio of total borrowing from other banks to liquid assets. All the banks opt a level of liquidity analogous to the anticipated withdrawal of deposits, but when the bank realizes that the withdrawals are higher than its liquid assets and it is facing a liquidity shortage, banks borrow from other banks with surplus liquid assets. Diamond and Rajan (2001) argued that impetuous short-term liabilities result in the shortage of liquid assets that initiates interbank borrowing. This represents a fragile source of funding its shortages.
The stress index, when built by assigning an equal weight, is quite easy to understand and interpret. Gadanecz and Jayaram (2008) found that deriving the banking sector stress index by applying a different weight to the variables is better than the equal-weighted index. On the other hand, Illing and Liu (2006) conferred that there is no significant differentiation found between the indices worked out by equal and on different weights. End (2006) used different methods in the composition of an aggregate financial stability index to find out the discrepancy between equal weighing determinants and weighing by applying several econometric validations. The study concluded that there is a small discrepancy found in the equal weighting method for the determinants (Nelson and Perli 2007) . Morris (2010) computed an aggregate financial stability index (AFSI) for the Jamaican financial system by employing data from 1997 to 2010 and adopting macroeconomic, microeconomic, and international indicators measurements for the stress index. Moreover, the Monte Carlo approach was used to forecast next year's data. The findings suggested a deterioration in the financial stability index during the later months of 2010. Manolescu and Manolescu (2017) constructed a financial stability index for the Romanian financial sector by analyzing the link between main indicators of the banking sector and the macroeconomic variables. By using the VAR autoregressive method, the constructed index synthetizes balance sheet data along with complex financial variables to analyze the impact of the banking system on the real economy.
Data, Sample and Research Methods
The primary objective of this study is to construct a financial stability index for the Pakistani banking sector by using different financial indicators.
Sample Selection and Data Collection
The population consisted of all banks regulated by the State Bank of Pakistan (SBP), while the sample of the study comprised of all the banks listed on the Karachi Stock Exchange (KSE) for the years 2001-2011. The sample of banks for each year varied based on the nature of the business.
We collected the data for financial variables from the annual financial reports of banks for eleven years from January 2001 to December 2011. We used a financial statement analysis of the State Bank of Pakistan (SBP) to compute different accounting ratios.
Variables and Model
The following model was developed as a financial stability index by computing different determinants along with their weights. Due to the inverse relation with stress episodes (less profitability, higher stress level), the return on assets (ROA) and return on equity (ROE) were weighted with a negative sign in an equal-weighted approach. The other variables were weighted with a positive sign, considering their direct relation with such episodes.
The FSI information is easy to interpret, as we can convert each variable into the standardized form. In terms of deviation from the mean, the stress level for the current period can be compared to the historical one. Negative values indicate periods of below-average stability, while index values above zero are equivalent to periods of above-average financial stress. Similarly, useful information is provided on the evolution of the stress level on a given period due to an increase in the index during a particular period.
We developed three different indices to generate the weights, and these financial stability indices can slightly differ in their behavior or they may have identical behavior. We modeled financial stability indices based on dependent variables.
Variance-Equal Weighted Method
This method is the most commonly used in the literature of stress indices due to its easy approach. This technique standardizes the variables so they can be expressed in the same unit and then adopts identical weights.
where k is the number of variables that compose the index, X is the arithmetic mean of the variables, σ i is the standard deviation, and w i is the weight on each variable. The final index is standardized and expressed in terms of deviations from its mean. The equal-weighted approach was used by Puddu (2013) , Illing and Liu (2003) , and Hanschel and Monnin (2005) to construct the financial index.
Linear Probability Model (LPM)
When the linear-regression model is applied to a dummy outcome determinant, that model is known as the linear probability model (LPM). In this approach, the probability of observing outcome zero or one is treated as relying on one or more than one independent determinants. In other words, it as a binary response model in which the ordinary least square is estimated by regressing dichotomous outcomes on the explanatory determinants.
where Y can be a response of either zero or one. Thus, Y can be construed as a conditional probability that an episode will occur given the level of X i . The independent variable X i can be a continuous or categorical variable, but Y is always a dichotomous variable.
The same technique was used by Heckman and MaCurdy (1985) to construct a financial stability index by using different financial variables.
The Logit Model
Logit regression is a modus operandi that allows for the estimation of the probability that an episode will occur or not by predicting a dichotomous outcome from a set of explanatory determinants.
Economies 2019, 7, 81 8 of 24 Hanschel and Monnin (2005) constructed a financial stability index or Switzerland's financial system by employing the same approach. The operational definitions of each variable used in this study are provided in Table 1 . 
Data Analysis Techniques
We used descriptive statistics to describe the basic features of variables. We used three techniques including the variance-equal weight technique, the linear-probability model (LPM) and the logit model for constructing the financial stability index. To assess the prediction accuracy of our financial stability index, we used a dichotomous variable along with these techniques. Furthermore, we assessed the performance of these indices by Type I and Type II errors. Table 2 exhibits the descriptive statistics of all the determinants used in this study. The mean of return on the asset ratio was 0.66% with a total risk of 2%, and its skewness was −0.5681. The mean of return on the equity ratio was 11.7% with a total risk of 39.9%, and its skewness was 3.84. The mean of the non-performing loan portfolio was 1.6% with a total deviation of 2.4%, and its skewness was 2.08. The mean of the ratio of the interest spread was 8.5%. The mean of liquid liability to liquid asset was 72% with a deviation of 61%, and its skewness was 1.57. The mean of interbank funds to liquid assets was 30%, and its skewness was 1.2. The mean of return on the equity ratio was 10.4% with a total risk of 8.03%. The mean of return on the equity ratio was 20.6% with a total risk of 12.5%, and its skewness was 2.85. The mean of return on the equity ratio was 30.6% with a total risk of 17.5%, and its skewness was 1.686. The interest spread was negatively skewed, and the ULR was positively skewed. Table 3 reports the results of the financial stability index in the different time periods. Further, the aggregate index was standardized to present it in terms of divergence from the mean. The financial stability index computed with 0.9 lambda in 2001 was 0.837, and its standardized financial stability index value was −0.2339. The financial stability index computed with 0.8 lambda in 2001 was 0.0909, and its standardized index value was −0.1462. The financial stability index computed with 0.7 lambda in 2001 was 0.0982, and its standardized index value was −0.0584. The financial stability index value when computed with 0.9 lambda in the year 2002 was 0.16146, and the standardized financial stability index value was −0.09564. The financial stability index computed with 0.8 lambda in the year 2002 was 0.17704, and its standardized index value was 0.9317. The financial stability index computed with 0.7 lambda in the year 2002 was 0.19263, and its standardized index value was −0.2819.
Results and Discussion

Descriptive Statistics
The financial stability index computed with 0.9 lambda in the year 2003 was 0.18777, and the standardized financial stability index value was −0.05354. The financial stability index calculated with 0.8 lambda in the year 2003 was 0.20210, and its standardized index value was 0.12006. The financial stability index computed with 0.7 lambda in the year 2003 was 0.21643, and its standardized index value was 0.29367.
The financial stability index computed with 0.9 lambda in the year 2004 was 0.13879, and its standardized index value was −0.17499. The financial stability index with 0.8 lambda in the year 2004 was 0.14871, and its standardized index value was −0.05478. The financial stability index computed with 0.7 lambda in the year 2004 was 0.15863, and its standardized index value was 0.06543. The financial stability index computed with 0.9 lambda in the year 2005 was 0.10595, and its standardized index value was −0.18609. The financial stability index computed with 0.8 lambda in the year 2005 was 0.11672, and its standardized index value was −0.05552. The financial stability index computed with 0.7 lambda in the year 2005 was 0.12750, and standardized index value was 0.07505.
The financial stability index computed with 0.9 lambda in the year 2006 was 0.09691, and its standardized index value was −0.22104. The financial stability index computed with 0.8 lambda in the year 2006 was 0.10627, and its standardized index value was −0.10773. The financial stability index estimated with 0.7 lambda in the year 2006 was 0.11562, and its standardized index value was 0.00559. The financial stability index calculated with 0.9 lambda in the year 2007 was 0.11740, and its standardized index value was −0.07700. The financial stability index computed with 0.8 lambda in the year 2007 was 0.13171, and its standardized index value was 0.09648. The financial stability index estimated with 0.7 lambda in the year 2007 was 0.14603, and its standardized index value was 0.26995.
The financial stability index computed with 0.9 lambda in the year 2008 was 0.18412, and its standardized index value was 0.12664. The financial stability index computed with 0.8 lambda in the year 2008 was 0.19865, and its standardized index value was 0.30265. The financial stability index computed with 0.7 lambda in the year 2008 was 0.21318, and its standardized index value was 0.47865. The financial stability index computed with 0.9 lambda in the year 2009 was 0.18013, and its standardized index value was 0.27939. The financial stability index computed with 0.8 lambda in the year 2009 was 0.19671, and its standardized index value was 0.48025. The financial stability index computed with 0.7 lambda in the year 2009 was 0.21329; and its standardized index value was 0.68111.
The financial stability index computed with 0.9 lambda in the year 2010 was 0.20434, and its standardized index value was 0.30056. The financial stability index computed with 0.8 lambda in the year 2010 was 0.22401, and its standardized index value was 0.53882. The financial stability index computed with 0.7 lambda in the year 2010 was 0.24368, and its standardized index value was 0.77708. The financial stability index computed with 0.9 lambda in the year 2011 was 0.28204, and its standardized index value was 0.24237. The financial stability index computed with 0.8 lambda in the year 2011 was 0.30616, and its standardized index value was 0.53457. The financial stability index computed with 0.7 lambda in the year 2011 was 0.33028, and its standardized index value was 0.82678. Table 4 reports the financial stability index of different banks. The financial stability index (FSI) values computed with lambda 0.9 for provincial banks, nationalized banks, de-nationalized banks, private banks, private banks, and Islamic banks were 0.13154, 0.0359, 0.1359, 0.241, and 0.04247, respectively. The FSI values computed with lambda 0.8 for provincial banks, nationalized banks, de-nationalized banks, private banks, private banks, and Islamic banks were 0.14865, 0.0522, 0.1550, 0.255, and 0.05617, respectively. The FSI values computed with lambda 0.7 for provincial banks, nationalized banks, de-nationalized banks, private banks, private banks, and Islamic banks were 0.16577, 0.0684, 0.1741, 0.268, and 0.06987. The standardized financial stability index (SFSI) values computed with lambda 0.9 for provincial banks, nationalized banks, de-nationalized banks, private banks, private banks, and Islamic banks were 0.02193, −0.2649, −0.1093, 0.145 and −0.18785, respectively. The SFSI values computed with lambda 0.8 for provincial banks, nationalized banks, de-nationalized banks, private banks, private banks, and Islamic banks were 0.03486, −0.2685, −0.0886, 0.143 and −0.18827, respectively. The SFSI values computed with lambda 0.7 for provincial banks, nationalized banks, de-nationalized banks, private banks, private banks, and Islamic banks were 0.03961, −0.2721, −0.0813, 0.142 and −0.18793, respectively.
Financial Stability Index by Type of Institution
In Table 5 , according to the variance-equal weighted model, the non-standardized index showed that 88% of banks were non-distressed and 12% were distressed when computed with 0.9 lambda. The financial stability index indicated that 90% of banks were non-distressed and 10% were distressed when computed with 0.8 lambda. The index demonstrated that 92% of banks were healthy and 8% were distressed when computed with 0.7 lambda over the period. On the basis of standardization, the financial stability index illustrated that 37% of banks were non-distressed and 63% were distressed when computed with 0.9 lambda. The financial stability index indicated that 37% of banks were non-distressed and 63% were distressed when computed with 0.8 lambda. The index demonstrated that 38% of banks were stable and 62% were distressed when computed with 0.7 lambda over the period of 2001-2011.
Prediction Accuracy of the Standardized Financial Stability Index
Financial stability index prediction accuracy was evaluated by assigning zero or one value to individual determinants depending upon its impact on the stability index based on a selected threshold. If the maximum parameter showed the presence of stress, then the dummy variable was allotted one value; otherwise, it was allotted zero. As discussed earlier, that financial stability index was calculated by multiplying equal weights to each variable, and the sum of this variable was presented as value of the financial stability index. These figures were then sorted in the descending order, and the mid value was taken as the cut-off point for the classification of distressed and non-distressed banks.
Financial Stability Index by Using the ROA Table 6 shows that the financial stability index by using Dummy 1 with 0.9 lambda predicted 9.71% of the financially unstable institutes accurately, and predictability was slightly increased to 10.38% by Dummy 2 with 0.8 lambda and Dummy 3 with 0.7 lambda. The financial stability index was unable to classify good institutes into distressed institutes with a Type II error of 61.88% for Dummy 1 with 0.9 lambda, which was almost same for Dummy 2 with 0.8 lambda and Dummy 3 with 0.7 lambda. In the financial stability index, Type II errors were on a higher side in contrast to the Type I error. The overall outcome indicates that the financial stability index calculated by employing coefficients from the variance equal weighted approach did not show a good predictability power. Table 6 . Classification of distressed and non-distressed financial institutions with the variance-equal weighted approach. Figure 1 illustrates the overall precision of financial stability index in predicting soundness or vulnerability level in the financial system. The overall accuracy of the index overall accuracy was 26.8% with Dummy 1 when compared with the prediction of Dummy 2 and Dummy 3, where the overall classification accuracy diminished to 23.6%. Thus far, the FSI with 0.9 lambda showed the lowest precision accuracy of 26.8% on the basis of Dummy 1 with 0.9 lambda. Figure 1 illustrates the overall precision of financial stability index in predicting soundness or vulnerability level in the financial system. The overall accuracy of the index overall accuracy was 26.8% with Dummy 1 when compared with the prediction of Dummy 2 and Dummy 3, where the overall classification accuracy diminished to 23.6%. Thus far, the FSI with 0.9 lambda showed the lowest precision accuracy of 26.8% on the basis of Dummy 1 with 0.9 lambda. Financial Stability Index by Using the ROE Table 7 represents that when Dummy 1 is employed, its results showed that only 9.71%-10.38% of the financial institutes were correctly predicted. On the other hand, the precision accuracy of financial stability index has failed to predict non-distressed financial institutes as well. The FSI Financial Stability Index by Using the ROE Table 7 represents that when Dummy 1 is employed, its results showed that only 9.71%-10.38% of the financial institutes were correctly predicted. On the other hand, the precision accuracy of financial stability index has failed to predict non-distressed financial institutes as well. The FSI indicates that 36.46% of banks were accurately predicted, and the percentage slightly increased to 36.5% based on Dummy 2 and Dummy 3. Table 7 . Classification of distressed and non-distressed financial institutions with the variance-equal weighted approach. Figure 2 demonstrates a very low precision when predicting the accuracy of the financial stability index. The overall index could predict 27.8% with Dummy 3 when compared with the prediction of Dummy 2 and Dummy 1. By implication, the overall classification accuracy diminished to 26.8%. Thus far, the FSI with 0.9 lambda showed the lowest precision accuracy of 26.8% on the basis of Dummy 1 with 0.9 lambda.
Basis of Comparison
Prediction Accuracy of the FSI with ROA
Basis of Comparison
Figure 2 demonstrates a very low precision when predicting the accuracy of the financial stability index. The overall index could predict 27.8% with Dummy 3 when compared with the prediction of Dummy 2 and Dummy 1. By implication, the overall classification accuracy diminished to 26.8%. Thus far, the FSI with 0.9 lambda showed the lowest precision accuracy of 26.8% on the basis of Dummy 1 with 0.9 lambda.
Figure 2.
Overall Classification Accuracy of the FSI by using the ROE.
Financial Stability Index with a Logit Model
Similarly, in this technique, determinants were individually allotted zero or one as a value depending upon its impact on the stability index. If this value was above/below the threshold stability, on the basis of these parameters, the dummy variables were calculated. One (1) indicates that a bank is healthy, and zero indicates financial distress. The logit model was worked out to estimate the coefficients for constructing financial stability index. The coefficients calculated from the logit model were individually multiplied with each determinant to construct the financial stability index. The statistics estimated from the financial stability index were then sorted into descending order; moreover, the average of two mid values in the figures was chosen as the cut-off point of the financial stability index to classify distressed and non-distressed banks in different time periods.
Financial Stability Index by Using the ROA
As reported in Table 8 , according to the financial stability index by using Dummy 1 with 0.9 lambda, 65.58% of banks were non-distressed and 34% were distressed. By using Dummy 2 with 0.8 lambda, 62.68% of banks were healthy and, in the same way, 37.32% were suffering from financial instability. However, if we considered Dummy 3 with 0.7 lambda, we obtained the same results reported in the case of Dummy 2 with 0.8 lambda. Prediction Accuracy of the FSI with ROE Figure 2 . Overall Classification Accuracy of the FSI by using the ROE.
Financial Stability Index with a Logit Model
Financial Stability Index by Using the ROA
As reported in Table 8 , according to the financial stability index by using Dummy 1 with 0.9 lambda, 65.58% of banks were non-distressed and 34% were distressed. By using Dummy 2 with 0.8 lambda, 62.68% of banks were healthy and, in the same way, 37.32% were suffering from financial instability. However, if we considered Dummy 3 with 0.7 lambda, we obtained the same results reported in the case of Dummy 2 with 0.8 lambda. Table 9 shows that Dummy 1 with 0.9 lambda index reasonably predicted 87.4% of the financially unstable institute accurately, while predictability slightly reduced to 85.8% by Dummy 2 with 0.8 lambda and Dummy 2 with 0.7 lambda. The financial stability index had a propensity to classify the strong financial institutes into distressed institutes with a Type II error of 29.3% on Dummy 1 with 0.9 lambda, which was almost same for Dummy 2 with 0.8 lambda and Dummy 3 with 0.7 lambda. Table 9 . Classification accuracy of the FSI by using the ROA. In the financial stability index, Type II errors were on a higher side in contrast to Type I errors. Overall, the financial stability index indicated that most of the financial institutes were non-distressed. The overall outcome indicated that financial stability index calculated by employing coefficients from the logit model had a good predictability power. Figure 3 shows the overall precision of the FSI in predicting stress level in financial institutes. The overall accuracy of the index overall accuracy was 76.8% with Dummy 1 when compared with the prediction of Dummy 2 and Dummy 3, where the overall classification accuracy diminished to 76.4%. Thus far, the FSI with 0.9 lambda showed the highest precision accuracy of 76.8% on the basis of Dummy 1. Table 9 shows that Dummy 1 with 0.9 lambda index reasonably predicted 87.4% of the financially unstable institute accurately, while predictability slightly reduced to 85.8% by Dummy 2 with 0.8 lambda and Dummy 2 with 0.7 lambda. The financial stability index had a propensity to classify the strong financial institutes into distressed institutes with a Type II error of 29.3% on Dummy 1 with 0.9 lambda, which was almost same for Dummy 2 with 0.8 lambda and Dummy 3 with 0.7 lambda.
Basis of Comparison
In the financial stability index, Type II errors were on a higher side in contrast to Type I errors. Overall, the financial stability index indicated that most of the financial institutes were nondistressed. The overall outcome indicated that financial stability index calculated by employing coefficients from the logit model had a good predictability power. Figure 3 shows the overall precision of the FSI in predicting stress level in financial institutes. The overall accuracy of the index overall accuracy was 76.8% with Dummy 1 when compared with the prediction of Dummy 2 and Dummy 3, where the overall classification accuracy diminished to 76.4%. Thus far, the FSI with 0.9 lambda showed the highest precision accuracy of 76.8% on the basis of Dummy 1. Overall Predictability of the FSI with ROA Figure 3 . Overall Classification Accuracy of the FSI by using the ROA.
Financial Stability Index by Using the ROE
According to Table 10 , the financial stability index by using a dummy with 0.9 lambda showed that 63.73% of banks were non-distressed and 36.27% were distressed. By using a dummy with 0.8 lambda, 62.6% of banks were shown as healthy and, in the same way, 37.32% were suffering from financial instability. However, if we considered Dummy 3 with 0.7 lambda, we obtained the same results as reported in the case of Dummy 2 with 0.8 lambda. The statistics reported in Table 11 show that when we used Dummy 1 with 0.9 lambda as a base, 87.4% of the financial institutes were accurately predicted as financially distressed, and the prediction accuracy decreased to 86.8% for Dummy 2 and Dummy 3, thus showing good results overall. On the other hand, the precision accuracy of the FSI was also quite reasonable in the prediction of non-distressed financial institutes. The FSI indicated that 70.7% banks accurately predicted by the index based on Dummy 1, and the percentage increased to 71.3% by Dummy 2 and Dummy 3. Table 11 . Classification accuracy of the FSI by using the ROE. Figure 4 shows the overall classification accuracy of the financial stability index. The overall precision of the financial stability index was quite reasonable on the basis of Dummy 1-76.76%. The FSI showed a slight increase of 77.11% when calculated on the basis of Dummy 2 with 0.8 lambda and Dummy 3 with 0.9 lambda. The cut-off point for this financial stability index was 0.689, which approximately shows that it is well-suited index for Pakistani financial institutions. The statistics reported in Table 11 show that when we used Dummy 1 with 0.9 lambda as a base, 87.4% of the financial institutes were accurately predicted as financially distressed, and the prediction accuracy decreased to 86.8% for Dummy 2 and Dummy 3, thus showing good results overall. On the other hand, the precision accuracy of the FSI was also quite reasonable in the prediction of nondistressed financial institutes. The FSI indicated that 70.7% banks accurately predicted by the index based on Dummy 1, and the percentage increased to 71.3% by Dummy 2 and Dummy 3. Figure 4 shows the overall classification accuracy of the financial stability index. The overall precision of the financial stability index was quite reasonable on the basis of Dummy 1-76.76%. The FSI showed a slight increase of 77.11% when calculated on the basis of Dummy 2 with 0.8 lambda and Dummy 3 with 0.9 lambda. The cut-off point for this financial stability index was 0.689, which approximately shows that it is well-suited index for Pakistani financial institutions. 
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Financial Stability Index with a Linear Probability Model (LPM)
To construct the financial stability index, a linear probability model was estimated. Coefficients estimated with linear probability were individually multiplied with each determinant to construct the financial stability index for the Pakistani financial sector. Figures estimated from the financial stability index were then sorted into a descending order. The average of two mid values in the figures was chosen as the cut-off point of the financial stability index to classify distressed and non-distressed financial institutes in different time periods. Determinants were individually allotted a zero or one value depending upon its impact on the stability index and if they were above/below the threshold stability; furthermore, dummy variables were calculated on the basis of these parameters. One indicated that a bank is healthy and zero indicated financial.
Financial Stability Index by Using the ROA
As reported in Table 12 , the financial stability index constructed by using a dummy with 0.9 lambda showed that 63.73% of banks were non-distressed and 36.27% were distressed. By using Dummy 2 with 0.8 lambda, it was revealed that 62.68% of banks were healthy and, in the same way, 37.32% were suffering from financial instability. However, if we considered Dummy 3 with 0.7 lambda, the results were the same as in the case of Dummy 2 with 0.8 lambda. Table 13 shows the precision and accuracy of the financial stability index by comparing the prediction of the FSI with all the three dependent variables. The FSI accurately predicted only 14.2% of distressed banks by Dummy 2, which was quite low. The accuracy slightly diminished to 13.6% and 13% when Dummy 1 and Dummy 2 were used as the basis of comparison, respectively. The Type I error was on the higher side in the case of the FSI calculated by using a coefficient from the linear probability model. However, the financial stability index tended to accurately classify 70.2% of banks as non-distressed by using Dummy 1. When we considered Dummy 2, around 70.8% of banks were correctly predicted as non-distressed. Using Dummy 3 as a basis indicated that 71% of banks were accurately classified as financially stable. Table 13 . Classification accuracy of the FSI by using the ROA. Figure 5 shows the overall classification accuracy of the FSI calculated by using a linear probability model. As discovered in the figure, the financial stability index showed an overall lesser prediction accuracy on the basis of dichotomous variables-49.6%. 
Basis of Comparison
Financial Stability Index by Using the ROE
According to Table 14 , the financial stability index constructed by using the dummy with 0.9 lambda showed that 63.73% of banks were non-distressed and 36.27% were distressed. By using the dummy with 0.8 lambda, it was shown that 62.6% of banks were healthy and, in the same way, 37.32% were suffering from financial instability. However, if we considered Dummy 3 with 0.7 lambda, we obtained the same results as reported in the case of Dummy 2 with 0.8 lambda. According to statistics reported in Table 15 , when we used Dummy 1 with 0.9 lambda as a base, 14.6% of the financial institutes were accurately predicted as financially distressed, and the prediction accuracy decreased to 14.2% and 14% for Dummy 2 and Dummy 3. On the other hand, the precision accuracy of the FSI was reasonable in the prediction of non-distressed financial institutes. The FSI indicated that 69.6% institutions were accurately predicted by the index using Dummy 1, and the percentage increased to 70.8% and 71% by using Dummy 2 and Dummy 3, respectively. Figure 6 shows the overall classification accuracy of the financial stability index. The overall precision of the financial stability index was 49.6% on the basis of the dummy variables. The cut-off point for this financial stability index was approximately 0.379. Overall Predictability of the FSI with ROA Figure 5 . Overall classification accuracy of the FSI by using the ROA.
According to Table 14 , the financial stability index constructed by using the dummy with 0.9 lambda showed that 63.73% of banks were non-distressed and 36.27% were distressed. By using the dummy with 0.8 lambda, it was shown that 62.6% of banks were healthy and, in the same way, 37.32% were suffering from financial instability. However, if we considered Dummy 3 with 0.7 lambda, we obtained the same results as reported in the case of Dummy 2 with 0.8 lambda. According to statistics reported in Table 15 , when we used Dummy 1 with 0.9 lambda as a base, 14.6% of the financial institutes were accurately predicted as financially distressed, and the prediction accuracy decreased to 14.2% and 14% for Dummy 2 and Dummy 3. On the other hand, the precision accuracy of the FSI was reasonable in the prediction of non-distressed financial institutes. The FSI indicated that 69.6% institutions were accurately predicted by the index using Dummy 1, and the percentage increased to 70.8% and 71% by using Dummy 2 and Dummy 3, respectively. Figure 6 shows the overall classification accuracy of the financial stability index. The overall precision of the financial stability index was 49.6% on the basis of the dummy variables. The cut-off point for this financial stability index was approximately 0.379. 
Comparison of Financial Stability Index Computed with Different Methods
We compared the financial stability indices calculated with the variance-equal weighted method, the logit model, and the linear probability model by assessing Type I errors and Type II errors along with overall prediction accuracy. The outcome of the classification accuracy of the financial stability indices is compared in Tables 16-18, based on dependent variables. 5.5.1. Dependent Variable (Dummy 1 with 0.9 Lambda) Table 16 shows the classification accuracy of the financial stability indices calculated by Dummy 1. This indicates that the Type I error of the FSI with the ROA and the ROE reasonably predicted distressed banks, while the Type II error predicted distressed banks in the financial stability index by Dummy 1.
The Type I error of the FSI with a linear probability model was 86.41%, which decreased to 12.62% for the FSI with the method logit model. The Type II error of the FSI was higher than the Type I error, and almost 30% of the financially strong banks were erroneously classified as distressed. For distressed banks, the predictive accuracy of the FSI computed with the logit model was 85.85% and 86.79%, respectively, for ROA and ROE (Table 17 ). As the table illustrates, for the distressed banks, the financial stability index computed with logit model had a better prediction accuracy by using the Dummy 2 variable; the Type I error was also the lowest for the FSI. Overall Predictability of the FSI with ROE Figure 6 . Overall classification Accuracy of the FSI by using the ROE.
We compared the financial stability indices calculated with the variance-equal weighted method, the logit model, and the linear probability model by assessing Type I errors and Type II errors along with overall prediction accuracy. The outcome of the classification accuracy of the financial stability indices is compared in Tables 16-18, based on dependent variables. Table 16 shows the classification accuracy of the financial stability indices calculated by Dummy 1. This indicates that the Type I error of the FSI with the ROA and the ROE reasonably predicted distressed banks, while the Type II error predicted distressed banks in the financial stability index by Dummy 1.
The Type I error of the FSI with a linear probability model was 86.41%, which decreased to 12.62% for the FSI with the method logit model. The Type II error of the FSI was higher than the Type I error, and almost 30% of the financially strong banks were erroneously classified as distressed.
Dependent Variable (Dummy 2 with 0.8 Lambda)
For distressed banks, the predictive accuracy of the FSI computed with the logit model was 85.85% and 86.79%, respectively, for ROA and ROE (Table 17 ). As the table illustrates, for the distressed banks, the financial stability index computed with logit model had a better prediction accuracy by using the Dummy 2 variable; the Type I error was also the lowest for the FSI.
When the results were meticulously analyzed, the non-distressed banks illustrated by the Type II error of the FSI (ROE), which was calculated with the logit model, was lower than all other three financial stability indices. As the table shows, the FSIs (ROE) calculated with the logit model had higher prediction power for non-distressed banks, while the predictive accuracy of all other financial stability indices was lower. 5.5.3. Dependent Variable (Dummy 3 with 0.7 Lambda) Based on the Type I and Type II errors, as shown in the table, the prediction accuracy of the distressed banks was more than non-distressed banks. The Type II errors of the FSIs were also higher than the Type I error.
Overall Classification Accuracy of Models
A comparison of the financial stability indices confirmed that the predictability power of the index computed by employing the logistic approach was higher than other indices constructed with the other two methods, as reported in Table 19 and depicted in Figure 7 . It was also affirmed by the results that the return on asset and the return on equity showed the same impact and behavior in the index and, between these two, a variable can be used to develop a financial stability index. 
A comparison of the financial stability indices confirmed that the predictability power of the index computed by employing the logistic approach was higher than other indices constructed with the other two methods, as reported in Table 19 and depicted in Figure 7 . It was also affirmed by the results that the return on asset and the return on equity showed the same impact and behavior in the index and, between these two, a variable can be used to develop a financial stability index. Figure 7 . Overall classification accuracy of all the FSIs.
Conclusions
In this study, we developed a financial stability index by using several financial determinants. This represents a single composite measure of stability that can capture soundness and vulnerability in the Pakistani financial sector. It also determines the stress level in the financial system of Pakistan and reflects financial sector soundness and weakness over the sample period.
We developed three different financial stability indices by using the variance equal-weighted Overall Predictability of Models Figure 7 . Overall classification accuracy of all the FSIs.
We developed three different financial stability indices by using the variance equal-weighted method, the linear probability model, and the logit model. We assigned weights to the most relevant variables to build these indices. These indices slightly differ from each other and have identical behavior. These indices models were based on dependent variables.
Based on the variance-equal method, the results before standardization suggested that 90% and 10% were non-distressed, but the standardized financial stability index illustrated that 37% banks were non-distressed and 63% were distressed over the sample period of 2001-2011. The index indicated that there is degradation in the years 2001, 2005, 2006 and 2007. When an index was analyzed based on categorization, it showed that Islamic and nationalized banks stabilities were on the lower side. These results are in harmony with the findings of Hollo et al. (2012) , Morales and Estrada (2010) , Puddu (2013) , Hanschel and Monnin (2005) , and Illing and Liu (2003) .
The results of the logit model show that assessing the accuracy of the coefficients of the logit model was from 77.11% to 76.41% by the dummy variables. The prediction accuracy ability with the logit model of Canada, the United Kingdom, and Germany was only 13%. These results are matched with the findings of Zou et al. (2013) , Lo Duca and Peltonen (2011) , Borio and Lowe (2002) , Gerdesmeier et al. (2010) , and Alessi and Detken (2011) .
By using the linear probability method, the results show that the prediction accuracy declined to 49.65% in this method when calculated by all the three dependent variables. This indicates poor results relative to the logistic regression and the variance-equal weighted model. Neudorfer et al. (2013) used a linear probability model and confirmed a 60% prediction accuracy in assessing both the non-distressed and distressed banks.
The findings of this study suggest that each financial stability index has its strengths and weaknesses, but the government, academic researchers, and financial authorities should use these indices as a tool to strengthen their surveillance systems for detecting vulnerabilities. The State Bank of Pakistan should take steps to develop a comprehensive financial stability index and incorporate it into their financial stability review so that, with a single quantifiable figure, the strengths and weaknesses of banks can be assessed.
This study is helpful for investors, managers, and other concerned parties. Financial institutions may take timely actions to avoid any unnecessary cost. Investors may not lose their investment because of the lack of information about the health of a bank. The confidence of depositors may not be shaken.
Limitations and Future Research
Some limitations and future research guidelines need to be suggested for researchers. This study relied on broad indicators to develop the financial stability index for the Pakistani financial sector. In general, a limitation of this study is that it was restricted to Pakistan. Another important constraint is the data availability of the selected sample of banks. For future research, there is a need to develop a stronger financial stability index by incorporating new attributes with appropriate methodologies. In future studies, researchers might wish to use the same methodology as applied in this study while employing other (Asian) countries to develop the financial stability indices. 
